Infectious diseases claim millions of lives especially in the developing countries each year, and resistance to drugs is an emerging threat worldwide. Identification of causative pathogens accurately and rapidly plays a key role in the success of treatment. To support infectious disease research and mechanisms of infection, there is a need for an open resource on pathogen-disease associations that can be utilized in computational studies. A large number of pathogen-disease associations is available from the literature in unstructured form and we need automated methods to extract the data.
and disease, information that is also needed to support infectious disease research. Disease Ontology [5] in natural language form. Automated methods are needed to 18 extract the associations from natural language. 19 Here, we further developed and evaluated a text mining system for extracting articles) from the Europe PMC database [12] . We used the NCBI Taxonomy [13] 32 (downloaded on 22-08-2017) and the Human Disease Ontology (DO) [5] (February 33 2018 release) to provide the vocabulary to identify pathogen and infectious disease 34 mentions in text. We generated two dictionaries from the labels and synonyms in 35 the two ontologies and refined them before applying text mining. In the refinement 36 process, we filtered out terms which have less than three characters and terms 37 that are ambiguous with common English words (e.g., "Arabia" as a pathogen 38 name). We extracted only the species labels and synonyms belonging to fungi, virus, 39 bacteria, worms, insects, and protozoa from NCBI Taxonomy to form our pathogen 40 dictionary. The final pathogen and disease dictionaries cover a total of 1,250,373 41 distinct pathogens and 438 distinct infectious diseases.
42

Pathogen and Disease class Recognition
43
A class is an entity in an ontology that characterizes a category of things with 44 particular characteristics. Classes usually have a set of terms attached as labels or 45 synonyms [14] . We used the Whatizit text mining pipeline [15] to annotate pathogen 46 and disease classes in text with the two dictionaries for diseases and pathogens.
47
Because disease name abbreviations can be ambiguous with some other names (e.g.,
48
ALS is an abbreviation both for "Amyotrophic Lateral Sclerosis" and "Advanced 49 Life Support"), we used a disease abbreviation filter for screening out the ambiguous 50 abbreviations that could be introduced during the annotation process [16] . Briefly, precision co-occurrence method. We selected the associations having an NMPI value 64 above 0.2 and co-occurring at least 10 times in the literature. 65 We extended NPMI, which is a measure of collocation between two terms, to 66 a measure of collocation between two classes. Hence, we reformulated the NPMI 67 measure for our application. First, we identify, for every class, the set of labels 68 and synonyms associated with the class (Labels(C) denotes the set of labels and 69 synonyms of C). We then define T erms(C) as the set of all terms that can be used 70 to refer to C: T erms(C) := {x|x ∈ Labels(S) ∧ S C}. 71 We calculate the NPMI between classes C and D as 72 npmi(C, D) = log
where n tot is the total number of sentences in our corpus (i.e., 4,427,138), n C,D is 74 the number of sentences in which both a term from T erms(C) and a term from 75 T erms(D) co-occur, n C is the number of sentences in which a term from T erms(C) 76 occurs, and n D is the number of sentences in which a term from T erms(D) occurs.
77
Results
78
Statistics on Extracted Pathogen-Disease Associations 79 We extracted a total of 3,420 distinct pathogen-disease pairs from over 1.8 million 80
Open Access full text articles. To identify the associations, we used a combination 81 of lexical, statistical, and ontology-based rules. We used lexical matches to identify 82 whether the label or synonym of a pathogen or disease is mentioned in a document; mining. The main reason we cannot identify an association is due to limitations in 98 our named entity and normalization procedure. 99 We further evaluated the performance of our system manually on 50 randomly 100 selected pathogen-disease associations. In our manual evaluation, we achieve a pre-101 cision of 64%, a recall of 84% and an F-score of 73%. The false positives were mainly 102 due to ambiguous abbreviations and pathogen names. For example, "bronchus" was 103 annotated as an insect name by our method. 
